In ultrasound therapy, passive acoustic mapping (PAM) has been shown to be an effective method for imaging the acoustic emissions generated during treatment providing the potential for real-time therapy monitoring. In both high intensity ultrasound (HIFU) ablative surgery and targeted drug delivery, imaging artefacts at higher amplitude exposure conditions have been observed which make the localization and dosimetry of therapeutically relevant cavitation activity a challenge. Due to these artefacts, correlating drug release or lesion volumes to the PAMs is hindered for many exposures. It is proposed that incorporating optimal beamforming techniques into the PAM framework can reduce and remove these artefacts allowing determination of the extent of cavitation activity during ultrasound therapy. Additionally, optimal beaforming is found to yield improved resolution, good interference suppression, and robustness against steering vector errors. A description of the origin of the artefacts as well as reduction of them by implementing optimal beamforming within PAM will be demonstrated in the context of targeted drug delivery.
INTRODUCTION
Ultrasound therapy (UT) has been shown to be an emerging treatment option for various forms of abdominal cancer through either ablation of the cancerous tissue or enhance the efficacy of the chemo-therpauetic agent [1] . While UT continues to gain clinical acceptance, a key technical development that has aided this process has been the use of passive acoustic mapping (PAM) to image the acoustic emissions generated during treatment, which provides a means of real-time UT monitoring [2, 3] . While PAM has shown promise at UT monitoring, certain artefacts have been exhibited at high amplitude exposure conditions. Due to both experimental and algorithm properties, these artefacts exist as post-focal tails on the acoustic activity in the maps. This leads to uncertainty on the spatial extent of the "acoustic dose" and hinders correlation between PAM and after-treatment histological imaging for many exposures.
PAM was originally formulated using the time exposure acoustics (TEA) algorithm [4] , which combines passive beamforming of received data with time-averaging as well as a compensation term for spherical spreading. It has been shown to be an effective method in creating acoustic maps that correspond well to theoretical simulations [5] . PAM, however, can also be generalized to any method of passively generating spatial and temporal dosimetric maps of UT without time-of-flight information. Alternative algorithms that meet these criteria, i.e. algorithms that provide the intensity of acoustic emissions generated through passive methodss, could also be used. For example, advanced beamforming algorithms could be introduced to improve the quality of the maps and improve the overall monitoring of therapy.
Previous work on improving PAM has focused on apodization schemes [6] , sparse weighting to achieve high resolution with fewer channels [7] , and temporally sparse deconvolution [8] . Alternatively, optimal beaforming has been found to yield improved resolution, good interference suppression, and robustness in active ultrasound [9] and by others [10, 11] in PAM using simulated data. In this work, simulation results are used to explain the emergence of the PAM artefacts in experimental data. PAM using optimal beamforming methodology is introduced as a means of reducing these artefacts as well as generally improving image quality. Finally, experimental results from both tissue phantoms and in-vivo targeted drug delivery trials detail the improvements possible from PAM using optimal beamforming.
PASSIVE ACOUSTIC MAPPING
Working from a similar formulations as in [7] , we start with a sensor array located at positions defined in a coordinate system by x j = x j , y j , z j T for j = 1, 2, . . . , N sensors. Also, let A = {x j : j = 1, 2, . . . , N} be the set of locations of these sensor array elements. The source strength measured by the array at a position in the field, x, is given by
where s j (t) is the signal recorded on channel j and α is the piezo-electric conversion term, and d j is the distance from sensor to source field position. Finally, the source power at a position in the field to be imaged is found by time averaging the source strength
where ρ o is the density of the medium and c is the speed of propagation. Recent progress in PAM has been applying apodization functions to shape the receive beam to reduce the effect of noise and unwanted reflections to improve resolution. Application of apodization functions in PAM has been investigated using heuristic means [6] , and optimal beamforming [10] , [11] .
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Limitations with Existing Methods
As cavitation is a pressure driven phenomena, as the focal pressures increase, the level of cavitation activity increases. In PAM, higher pressures create imaging artefacts that, as mentioned, exist as post-focal tails away from the HIFU transducer. For example, Figure 1 shows two maps of experimental data recorded during 500kHz, 25cycle HIFU sonicating a degassed, flow channel phantom made of 3
The cause of the artefact is likely due to several factors. Higher rarefactional pressures nucleate more bubbles, which then propagate toward the array. These bubbles also can interact with each other, which can appear as additional sources due to coherent combining at the array much like multipath interference in communications. Further, the relative coherence of the multiple bubbles sources tend to create elongated sources as they are delayed and coherently combined. Lastly, the distance scaling factor in the TEA algorithm (d j in Eq 1) enhances this effect by amplifying any coherent sources in the direction away from the array.
While a full multi-bubble simulation is beyond the scope of this study, a simple example of this is highlighted. Consider two bubbles defined as random pulse trains defined as in [12] , where the amplitude, phase, and time constant are defined as independent, random variables. For multiple bubbles recorded on a single sensor, the model has the form
where T is the pulse period, N k the Poisson distributed number of bubbles in a pulse period. The remaining randomly-distributed variables are the phase offset in a pulse period, φ k , the time constant, θ kn , and peak acoustic pressure, P kn , all of which are normally distributed random variables.
This model has been shown to create power spectra that agree closely with experimental results [12] . Assume that the driving frequency is 500kHz, the peak negative pressure is 3MPa. The random variables' mean and variance were chosen to be reasonable values for the drive frequency. Here we consider two different number of bubbles (2 and 3) and two cases where the standard deviation on the phase for each pulse is varied. The resulting maps are shown in Figure 2 , where the HIFU is assumed to come from the top of the images. These simulations show that the greater the randomness of the bubble activity (higher phase offset in a period) increases the degree to which coherent combining, as in the case of TEA, creates elongated source activity. If the number of bubbles were to grow, it can be expected that the effect seen in Figure 1 (B) would increase even more. In the next section, a new algorithm to reduce this effect is introduced.
Optimal Beamforming
Optimal beamforming algorithms have been studied extensively in a wide range of fields. The goal of these algorithms is to compute a linearly constrained weight function that controls beamformer response in a desired way with assumptions made about the underlying physical and statistical characteristics of the source and environment. This computed weight is then applied to the arriving acoustic emission data and the source power estimated. A common constraint applied is to pass any signals arriving from a specified look direction undisturbed while minimizing the array output power so as to limit interfering signals not from the look direction, which is the basis for the method known as minimum variance distortionless response (MVDR) or Capon's method [13] . Other methods in this vein include maximum signal to noise ratio and the multiple sidelobe canceller [14] .
Using similar notation to the previous section, the sample covariance matrix of the recorded signals is denotedR
where M is the number of time snapshots and s k is the (N × 1) vector of the recorded signals at time snapshot k. In broadband problems,R is usually taken to be centered on a particular frequency bin, with the data having been converted to the frequency domain. Note that the dependence on frequency and position in the source field has been left out for simplicity. The MVDR problem is to then find a weight vector w to apply to the received signals satisfying the following minimization min
where a(θ) is the steering vector in direction θ from the array. The solution in terms of the array output power is then
In this study, an extension to MVDR, the robust Capon beamformer (RCB) [15] was investigated. It has several advantages for PAM, namely that it is designed to deal with calibration errors of the array as well as lack of precision between the true and assumed arrival angles. It has been shown that the RCB has better resolution and interference rejection than standard beamformers [16] , which can be important when considering the noisy environment of a operating theatre or clinic. In the next section, we show that the RCB is effective at removing the previously described artefacts.
EXPERIMENTAL RESULTS
A first experiment was conducted to compare TEA and RCB in terms of localizing activity. The tunnel phantom data was processed using RCB for the same two conditions previously displayed in Figure 1 using TEA. Figure 3 displays the resulting maps, and it can be noted that the acoustic activity is located within the bounds of the HIFU focus. By experimental design, cavitation activity should occur due to presence of microbubbles and only within the flow channel. This provides confidence that the RCB algorithm performing as expected to reduce interference and increase imaging resolution.
As a further exploration of the improvements possible in PAM using optimal beamforming, data from in-vivo ultrasound enhanced targeted drug delivery experiments in HepG2-luciferase tumors (xenograft-model) of mice was processed. A dual 500 kHz HIFU transducer setup was used to create a small focal volume centered within the sub-cutaneous tumors, and the PAM array (Zonare L10-5) was used to acquire data passively. SonoVue, a clinically used microbubble, was used as a cavitation-inducing agent. These were both administered to the mice intravenously immediately before HIFU treatment of pulses of 100 ms. Figure 4 shows the resulting cavitation "dose" map over 20 pulses. Similar to the phantom results, the RCB algorithm contains the cavitation activity to the HIFU focus while the TEA algorithm has the heavy-tail artefact.
FIGURE 4:
Cumulative maps of in-vivo experimental data for TEA (left) and RCB (right) collected over 20 HIFU pulses. The white ellipse shows the bounds of the 3dB HIFU focus, which corresponds well to the cavitation activity using the RCB.
CONCLUSIONS
In this paper, an improved method for PAM is presented that has been demonstrated to produce passive maps that have less of the post-focal imaging artefact that tends to occur with TEA at higher amplitude exposures. In both pre-clinical experimental tests in phantoms and in-vivo animal models, the RCB algorithm in PAM produced maps that showed cavitation activity contained to the known HIFU focus unlike TEA. This can provide clinicians with greater confidence that there is no pre-or post-focal cavitation activity that can cause unnecessary tissue damage or drug release in healthy tissue. Simulation results lean toward the occurrence of the artefact being a product of the TEA algorithm itself, the number of cavitation sources, as well as the randomness of the sources. Future work will explore algorithm enhancements to develop a high frame rate ultrasound monitoring system using PAM.
